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METHODOLOGY: FASA

EXPERIMENTAL RESULTS

The deployment of Large Language Models (LLMs) faces a critical bottleneck when handling lengthy inputs: the prohibitive memory footprint of We employ a two-stage, coarse-to-fine strategy to circumvent the prohibitive cost of full self-attention. Long-Context Benchmarks
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e Contextual Agreement (CA): A metric to evaluate how well a single FC's attention distribution matches the full head's attention.
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Table 1: Compound CA scores under varying selected FCs (F) and budgets (K) tip . e Introduced FASA, a training-free framework for dynamically predicting token importance.
_ Y, o Loads only a fraction of the cache: ~ —*, heavily alleviating the memory-bound constraint of auto-regressive decoding. e Consistently achieves near-oracle accuracy across long-context and long-generation tasks while significantly boosting efficiency.
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